Background: Time-varying phenotypes have been studied less frequently in the context of genome-wide analyses across ethnicities, particularly for mood disorders. This study uses genome-wide association studies of depressive symptoms in a longitudinal framework and across multiple ethnicities to find common variants for depressive symptoms. Ethnicity-specific GWAS for depressive symptoms were conducted using three approaches: a baseline measure, longitudinal measures averaged over time, and a repeated measures analysis. We then used meta-analysis to jointly analyze the results across ethnicities within the Multi-ethnic Study of Atherosclerosis (MESA, n = 6,335), and then within ethnicity, across MESA and a sample from the Health and Retirement Study African-and European-Americans (HRS, n = 10,163). Methods: This study uses genome-wide association studies of depressive symptoms in a longitudinal framework and across multiple ethnicities to find common variants for depressive symptoms. Ethnicity-specific GWAS for depressive symptoms were conducted using three approaches: a baseline measure, longitudinal measures averaged over time, and a repeated measures analysis. We then used meta-analysis to jointly analyze the results across ethnicities within the Multi-ethnic Study of Atherosclerosis (MESA, n = 6,335), and then within ethnicity, across MESA and a sample from the Health and Retirement Study African-and European-Americans (HRS, n = 10,163). Results: Several novel variants were identified at the genome-wide suggestive level (5×10 −8 < p-value ≤ 5×10 −6 ) in each ethnicity for each approach to analyzing depressive symptoms. The repeated measures analyses resulted in typically smaller p-values and an increase in the number of single-nucleotide polymorphisms (SNP) reaching genome-wide suggestive level. Conclusions: For phenotypes that vary over time, the detection of genetic predictors may be enhanced by repeated measures analyses.
Background
With advances in the ability of statistical software to handle data with repeated measures, longitudinal data analysis is becoming more feasible in genetic association studies. While these analyses are more complicated and computationally intensive than analyses using only baseline measures, longitudinal data has been used to identify variants that influence complex traits above and beyond that of cross-sectional measurements [1] . Because depressive symptoms may vary over time in relation to a variety of circumstantial factors, repeated measures of depressive symptoms may provide a better characterization of an individual's phenotype than a single measure, thus increasing power to detect genetic susceptibility loci.
There are a number of circumstances where longitudinal data analysis may be more informative or powerful than cross-sectional analyses based on single or time averaged measures. If there is substantial variability over time in the outcome or interaction of other covariates or SNPs with time, a longitudinal analysis will clearly be more informative [2] . For a given fixed number of observations, cross sectional analyses will be more powerful than repeated measures in the presence of withinsubject correlations (e.g. cross sectional n = 500; repeated measures n = 250 with two measures), but longitudinal analyses permits detection of factors associated with within person changes over time, which often allows stronger causal inferences [2] . A genetic association analysis with longitudinal data also follows these wellestablished properties, except for the fact that the analysis is repeated millions of times and tail behavior of the test statistics along with robustness issues become more critical since much smaller significance thresholds are used than traditional inference at a 5 % level of significance.
Depressive symptoms exist on a spectrum, varying in both severity and duration, and are often measured in population-based studies using the 20-item Center for Epidemiological Studies Depression scale (CES-D). Given the benefits of longitudinal analysis, the ability to detect genetic predictors of depression may be enhanced by analyzing depressive symptoms both over time and quantitatively [3] , rather than applying cutoffs or defining disorders like Major Depressive Disorder (MDD) at the extreme of the continuum for a single time point [4] .
The Multi-Ethnic Study of Atherosclerosis (MESA) European sub-sample was recently part of a discovery sample for a cross-sectional genome-wide association study (GWAS) of depressive symptoms conducted by the Cohorts for Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium [5] . This GWAS focused on a single measure of depressive symptoms (as assessed by CES-D) in individuals of European descent. Though no loci reached genome-wide significance in the discovery sample (composed of 34,549 individuals), one of the seven most significant SNPs had a suggestive association in the replication sample (rs161645, 5q21, p = 9.19×10 −3 ). This SNP reached genome-wide significance (p = 4.78×10 −8 ) in overall meta-analysis of the combined discovery and replication samples (n = 51,258) [5] . Important limitations of this GWAS include the reliance on a single measure of depressive symptoms and the focus on a single race/ethnic group.
In the present study, we use longitudinal data on a continuous measure of depressive symptoms collected over a 9 year period from three exams in MESA to conduct GWAS on depressive symptoms in four race/ ethnicities. We also contrast different approaches of incorporating the repeated measures into the GWAS: (1) analyzing a single time-point measure (baseline), (2) averaging measures over time, and (3) conducting a repeated measures outcome analyses. Finally, we jointly analyze repeated measures GWAS results from MESA and up to ten exams from the Health and Retirement Study. The MESA study includes a total of 650, 507, and 5,178 participants with one, two, and three measures, respectively, while the HRS sample consists of 34, 147, and 9,982 individuals with one, two, and threeplus measures, respectively) in an overall meta-analysis for European Americans and African Americans to increase power. To our knowledge, there have been no GWAS of repeated measures of depressive symptoms measured over time in individuals of multiple race/ethnicities.
Results

Descriptive statistics
Descriptive statistics for MESA and HRS are presented in Table 1 . The MESA sample includes 6,335 individuals (48 % male). Mean age at baseline is 62.2 years and approximately 40 %, 25 %, 12 %, and 23 % are of European (EA), African (AA), Chinese (CA), and Hispanic (HA) American self-reported ethnicity, respectively.
In MESA, the mean baseline depressive symptom score ranged from 6.3 (standard deviation (SD): 6.6) in the CA subsample to 9.9 (SD: 9.2) in the HA subsample out of a possible score of 60. CES-D scores increased over time in the EA (linear trend model for exam: β exam = 0.25, p < 0.0001), AA (β exam = 0.03, p = 0.67), and HA (β exam = 0.13, p = 0.11) sub-groups, but this increase in trend was only significant in EA. The CA sub-group showed a nonsignificant decrease in depressive symptom score over time (β exam = −0.04, p = 0.67). The intraclass correlation (within-person correlation) across all exams for which an individual had a valid CES-D score (up to three timepoints) ranged from 0.44 in AA to 0.60 in EA.
The HRS analysis sample contains 10,163 respondents (41 % male), with 8,652 EA (85 %) and 1,511 AA (15 %). Mean age at baseline was 58 years. The CES-D8 depressive symptom score in HRS EA increased significantly over study waves (β exam = 0.03, p < 0.0001) and decreased significantly in AA participants over time (β exam = −0.01, p = 0.04). The intraclass correlation for the HRS participants across exams was 0.48 for EA participants and 0.51 for AA participants. Table 2 shows the number of SNPs, minimum p-value of the adjusted association between SNP dosage and outcome, and the genomic-control inflation factor, lambda, for each ethnicity in MESA and HRS. QQ plots are available in Additional file 1. The inflation factor, the extent to which the chi-square statistic is inflated due to confounding by ethnicity [6] , is very close to 1.0 for all analyses, indicating adequate adjustment for population structure. One SNP reached the genome-wide significant threshold in the HA subset in the baseline CES-D approach in the intronic region of the MUC13 gene (rs1127233, 3q22.1, β = 0.2382, pvalue = 3.85×10 −8 ; averaged β = 0.1598, p-value = 9.23×10 −6 ; repeat measures β = 0.1753, p-value = 2.06×10 −6 ). This gene has previously been associated with cancer pathogenesis (e.g. [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] ) but has not been implicated in any psychiatric disorders. This SNP was not associated with CES-D in the other race/ethnicities nor did it show consistent direction across ethnicity in the baseline CES-D analyses (AA: β = −0.0112, p-value = 0.7707; EA: β = −0.0228, p-value = 0.4527; CA: β = 0.0562, p-value = 0.4351). There were no other genome-wide significant SNPs in any of the ethnicities for any of the baseline, average, and repeated-measures modeling approaches though there were many suggestive p < 10 −6 findings.
Ethnicity-specific association analysis in MESA
Comparison of results across approaches
To compare association results between the different versions of the CES-D scores, we assessed scatter plots for the p-values (p < 5×10 −4 ) from each pair of SNPs for the baseline CES-D score compared to the averaged CES-D score phenotype (Additional file 2), the baseline CES-D score compared to the repeated measures CES-D score (Additional file 3), and the averaged CES-D score against the repeated measures CES-D score (Additional file 4) within each of the four ethnicities in MESA. For all four ethnicities, the Spearman's rank correlations between the baseline versus averaged CES-D phenotype and between the baseline and repeated measures CES-D phenotypes ranged between 0.46 and 0.57. The correlations between p-values for the averaged versus repeated measures CES-D phenotype ranged between 0.85 and 0.92 (Table 3) . We observed an increase in the number of unique (LD R 2 < 0.8) genome-wide suggestive SNPs from baseline to repeated measures for each ethnicity (EA: eight to nine; AA: four to 11; CA: one to four; HA: six to ten), with some (at least two SNPs appearing in multiple approaches as genome-wide suggestive within each ethnicity) consistency in the SNPs across approach (Additional file 5).
Meta-analysis across ethnicities in MESA
The results from the three meta-analyses performed within MESA across ethnicities for the baseline, averaged, and repeated measures CES-D scores are presented in Table 4 . In the table, we present every unique (LD R 2 < 80 %) SNP with p < 1×10 −6 . The meta-analysis only included SNPs with ethnicity-specific minor allele frequency (MAF) > 5 % calculated within ethnicity using only MESA participants. These meta-analyses showed no genome-wide significant results. Thirteen SNPs reached a genome-wide suggestive threshold in these metaanalyses. The smallest p-value was in the repeated measures meta-analysis on chromosome 2, (rs41379347, 2q32.2, p-value = 1.81×10 −7 ). This SNP was only present (with MAF > 5 %) in the CA and HA subsamples. This SNP is in the intronic region of the STAT1 gene, IFN-γ transcription factor signal transducer and activator of transcription 1, previously implicated as a tumor suppressor [17, 18] . This SNP has not been previously associated with depressive symptoms.
Joint-analysis across studies for EA and AA
Results from the joint-analyses (MESA + HRS) for EA and AA, separately, are presented in Table 5 . While no SNP reached the genome-wide level, eight SNPs (EA n = 3; AA n = 5) satisfied the suggestive threshold for significance. In EA the smallest p-value (rs6842756, 4q35.1, p-value = 6.54×10 −7 ) was located within the ENPP6 gene, which is expressed primarily in the kidney and brain and has not been implicated in any disorders or diseases [http://omim.org/]. In AA the smallest observed p-value (rs2426733, 20q13.31, p-value = 2.07×10 −6 ) was located downstream of the RBM38 oncogene. RBM38 encodes an RNA binding protein found to regulate MDM2 (12q14.3-q15) gene expression through mRNA stability [19, 20] , but has not been identified in genetic studies of psychiatric disorders [17] (http://omim.org/).
Meta-analysis across all ethnicities in MESA and HRS
For the meta-analysis across all ethnicities in both HRS and MESA, we found no SNPs reaching genome-wide significance, though we found seven SNPs reaching genome-wide suggestive thresholds ( Table 5 ). The most strongly associated SNPs in the meta-analysis, rs41379347 (p-value = 1.81×10 −7 ) is located on chromosome 2 (in the STAT1 gene). The SNP rs41379347 was found previously in the MESA 
Consistency with previous GWAS on depressive symptom scores
There has been one published GWAS conducted on depressive symptom scores [5] , for which MESA EA were part of the discovery sample. This GWAS found one genome-wide significant SNP in overall meta-analysis of 51,258 European-ancestry individuals (rs161645, 5q21, p = 4.78×10 −8 ). In our EA subsample, p-values for this SNP in our baseline and repeated measures analysis were 0.116 and 0.055, respectively, with consistent effect directions (+) as the Hek, et al. [5] finding.
Additionally, this SNP had a cross-ethnicity, within MESA meta-analysis p-value of 0.067 in the baseline analysis, 0.006 in the averaged CES-D analysis, and 0.008 in the repeated measures analysis. The overall direction of effect was consistent with the published GWAS for EA, AA, and HA, though the direction of effect was opposite for CA. This SNP had p-values of 0.951 and 0.113 for the cross-study (i.e. combining MESA and HRS) EA and AA analyses, respectively.
Discussion
This is the first set of GWASs to the authors' knowledge, to investigate common genetic variants for depressive symptoms in a longitudinal setting across four different ethnicities. We performed GWASs within each ethnicity for three different longitudinal approaches to a depressive symptom phenotype (baseline, averaged, and repeated measures) and meta-analyzed them across ethnicity and across study. Though our joint meta-analysis of all ethnicities in both studies comprises 16,498 individuals, and the power to detect genetic variants of depression has been shown to increase when assessing depression quantitativelyas opposed to using a dichotomous definition or cutoff point [21] we did not find any variants that reached genome-wide significant levels in the European-, African-, Hispanic-, or Chinese-American, race/ethnicity-specific GWAS, in meta-analyses across ethnicity in MESA, or in joint analyses across study for the European and African Americans with any evidence of replication. However, we did find several novel variants at a genome-wide suggestive level and we observed an increase in the number of unique (LD R 2 < 0.8) genome-wide suggestive SNPs from baseline to repeated measures for each ethnicity (Additional file 5). We have taken the single SNP that has been credibly associated with depressive symptoms from Hek et al., [5] and presented evidence that a longitudinal framework may improve upon findings for depressive symptoms.
Hek, et al. [5] identified a SNP (rs161645) associated with a large sample of European-ancestry participants measured at a single time point. It is important to note that European Americans from MESA were used in the discovery sample for the previously published GWAS. We found that in the EA subsample, repeated measures better characterized depressive symptoms and the longitudinal analysis resulted in a repeated measures p-value for rs161645 (p = 0.055) less than half that of the baseline measures model (p = 0.116). If we consider this SNP a true signal (or proxy for a true signal), we indeed demonstrate that the p-value has decreased from the baseline to the repeated measures analysis.
A repeated measures analysis makes use of the full information content in the outcome and exposure/covariates for longitudinal data. For example, in an analysis with repeated measures data, if there is drop-out in the study and we use subject level averages, the homoscedasticity assumption of linear models is violated as different averages will be based on different number of observations and the ones with more observation will have higher precision. Averaging the exposure data may also lead to substantial loss in power. If there is a time trend or interaction of covariates (or SNPs) with time, a longitudinal model is expected to have larger power than a cross-sectional or averaged model. Longitudinal modeling is a better general framework as it allows incorporation of time-varying covariates (instead of averaging them) and allows exploration of G × E interaction in follow-up analysis with cumulative exposure trajectory. Although we saw an increase in the number of unique genome-wide suggestive SNPs for repeated measures compared to baseline, we note that since most of the SNPs are non-significant, this may be simply a comparison of false positives. However, in view of the existing literature one can argue that a longitudinal analysis is generally more efficient than using a summary quantity in the presence of repeated measures data.
For repeated measures, there are multiple modeling approaches. GEE produces unbiased and consistent estimates of the fixed effect parameters, even under misspecification of the correlation structure. Also, if the correlation structure is correctly specified, there is gain in terms of efficiency. GEE can be argued as a better framework than a linear regression model in terms of its robust estimates of the standard error and behavior of QQ plots as it protects under model misspecification [22] . That is why we chose the GEE framework for this large-scale association analysis instead of an alternative linear mixed model analysis.
Though GWAS have been used for over a decade, most variants identified for diseases have had very modest effect sizes, often explaining less than 1 % of the variance of quantitative traits [23] . Because of the small effect sizes, very large sample sizes are required to reach adequate power to detect genetic effects and produce reliable inferences [24] . Preliminary steps have been taken to increase power in our study through the characterization of a longitudinal phenotype. Most individual studies, including this one, are underpowered to detect these variants and often collaboration across many studies, involving metaanalysis, are used to increase sample size, and thus power [23, 25] . Though this framework is frequently used for common traits with standard measures, it is exceedingly difficult to find studies measuring depressive symptoms using the CES-D in multiple ethnicities, across time.
The depressive symptom GWAS literature to date includes one GWAS, with only one genome-wide significant result [5] . The literature for similar phenotypes, such as Major Depressive Disorder (MDD), has nine GWAS studies [26] [27] [28] [29] [30] [31] [32] [33] [34] , a mega-analysis of the nine GWAS that included almost 19,000 European unrelated individuals [35] , and a recent low-coverage, wholegenome sequencing analysis in the Chinese ethnicity [36] . Only two loci reached genome wide significance in individual studies [28, 37] , but these loci were not significantly associated with MDD in the meta-analysis [35] . The whole-genome sequencing analysis, using a joint discovery-replication analysis and linear mixed models including a genetic relatedness matrix as a random effect, identified two loci on chromosome 10, one near the SIRT1 gene (p = 2.53×10 −10 ) and the other in an intron of the LHPP gene (p = 6.45×10 −12 ) [36] . Metaanalyses of genetic predictors of MDD (up to early 2015) are currently consistent with chance findings and hypothesized candidate genes identified from physiological pathways (such as TPH2, HTR2A, MAOA, COMT) have rarely been identified/replicated as predictors of MDD in GWAS [34, [38] [39] [40] . Accordingly, we did not find a significant association with depressive symptoms for the SNPs that reached genome-wide significance in MDD GWAS nor those in hypothesized candidate genes. However, whole-genome sequencing and statistical modeling alternatives to traditional linear regression provide a promising avenue for discovering new genes that influence depressive illness, and follow-up of these new regions will be imperative.
One potentially important reason that SNPs detected through GWAS and biological candidate genes rarely replicate is because despite the CES-D correlating strongly with depression and having been used in hundreds of studies, the CES-D is not a diagnostic tool. The CES-D only measures depressive symptoms over the past week. The MESA study exams were spaced approximately 12 -24 months apart (the HRS surveys 24 months apart). It is possible that failure to capture changes in depressive symptoms between the assessments introduced measurement error in the phenotype. Additionally, in the baseline and repeated measures analyses, though log-transformed to improve normality, the distribution of CES-D still deviated from the normal distribution. This is a consistent limitation of CES-D scores in the literature, and it should be noted that the p-values from our baseline and repeated measures models may reflect the non-normal distribution of the phenotype.
We included only common variants (those with ethnicity-specific MAF > 5 %) in our analysis. One reason we may not have found any significant genetic variants of depressive symptoms is that we did not look at rare variants or copy number variants. New methods for analyzing rare variants or SNP sets, such as Sequence Kernel Association Testing (SKAT), are being developed and applied and may help to further elucidate genetic predictors of depressive symptoms at a gene-level and across ethnicities [41] . Additionally, it is possible that multiple SNPs with small effects, working in concert, could affect individual susceptibility to depression and depressive symptoms [42] . Further, no interactions (gene-gene or gene-environment) were evaluated in these analyses, which may play an important role in revealing the pathogenesis of depression and depressive symptoms.
Conclusion
Since combining genetic information across ethnicities can result in false-positive findings from population stratification within genetically distinct populations, we conducted GWASs separately by ethnicity adjusting for ethnicity-specific principal components and filtered initial GWAS results by ethnicity-specific minor alleles to remove low frequency variants for more robust findings. The meta-analysis software accounts for both magnitude and direction of effect when combining information across studies (in this case different ethnicities) which is especially appropriate when studies contain differences in ethnicity, phenotype distribution, gender or constraints in sharing of individual level data [43] .
Identifying genes that are associated with depression has tremendous potential to transform our understanding and treatment of depression. Utilizing longitudinal measures in GWA studies for depressive symptoms allows researchers to get a better picture of depression over the life-course. Though this study did not find any gene variants that reached genome-wide significance in the repeated measures approach, it provides a first step in examining depressive symptoms in different longitudinal settings and also across multiple ethnicities.
Methods
Discovery sample
MESA is a longitudinal study supported by NHLBI with the overall goal of identifying risk factors for subclinical atherosclerosis [44] . 
Depressive symptom score
Depressive symptom score was assessed using the 20item CES-D Scale [45] , which was for use in general population surveys [45, 46] . The CES-D has an excellent internal consistency (Cronbach's alpha = 0.90) [45] , and assesses depressive symptoms at a specific period in time (over the past week). The outcome measure for this analysis is a sum of the 20 items, ranging from 0 to 60. If more than 5 items were missing, the CES-D score was not calculated. If 1-5 items were missing, the scores were summed for completed items, dividing the sum by the number of questions answered and then multiplying by 20. There were 5,178 (81.7 %) participants with three measures of CES-D, 507 (8.0 %) with two measures, and 650 (10.3 %) with only baseline CES-D measures, for a total of 17,198 observations. We corrected for anti-depressant use through a similar algorithm to adjusting blood pressure for persons taking anti-hypertensive medication [5] . Detailed methods are described in Additional file 6. After adjustment for anti-depressant use, CES-D scores were log-transformed to improve normality.
Genotyping
Approximately one million SNPs were genotyped using the Affymetrix Genome-Wide Human SNP Array 6.0. Imputation was performed using the IMPUTE 2.1.0 program in conjunction with HapMap Phase I and II reference panels (CEU + YRI + CHB + JPT, release 22 -NCBI Build 36 for AA, CA, and HA participants; CEU, release 24 -NCBI Build 36 for EA). Imputation SNPs were filtered at an INFO score of 0.80. We accounted for population substructure by including the top four ethnicity-specific principal components (estimated from genome-wide data) as adjustment covariates in all analyses, as proposed previously by MESA investigators and elsewhere [47, 48] .
Joint sample
The Health and Retirement Study (HRS) was used as a joint sample to be combined with MESA GWAS results in a meta-analysis [49] . These two studies have comparable participants, and similar measures of phenotype. The HRS surveys a representative sample of more than 26,000 Americans over the age of 50 every two years starting in 1992. HRS data includes information on depressive symptoms measured with a short form of the CES-D, the CES-D8. The CES-D8 includes a subset of eight items from the full 20-item CES-D [45] . The depression score for each participant was composed of the total number of affirmative depression answers. The HRS depression symptom score ranges from 0 to 8. Participants missing two or more of the eight items were excluded from the analyses. Written informed consent was obtained and the IRB at the University of Michigan approved study protocol before data collection.
Over 12,000 HRS participants were genotyped for about 2.5 million SNPs using the Illumina Human Omni-2.5 Quad beadchip. Genotypes were imputed for EA and AA using MACH software (HapMap Phase II, release #22, CEU panel for EA and CEU + YRI panel for African Americans). Imputation SNPs were filtered at an INFO score of 0.80. We accounted for population substructure by including the top four ethnicity-specific principal components (estimated from genome-wide data) as adjustment covariates in all analyses. There were 10,163 HRS participants after removing those with missing outcome, covariate or genetic information. A total of 34 (0.3 %) had only one measure of CES-D8, 147 (1.4 %) had two measures, and 9,982 (98.2 %) had three or more CES-D8 measures, for a total of 72,273 observations.
Genome-wide association analysis
We contrasted GWAS results using different approaches to incorporate the time-varying phenotypic data: using a single (baseline) measure, taking the average across exams, or conducting a repeated measures analysis that accounts for correlation of responses within individuals.
Baseline and averaged GWA studies were analyzed using a one-step linear regression approach, adjusting for age, sex, site (in MESA) and the first four genomewide principal components, stratified by race in PLINK v.1.07 [50, 51] . Each SNP was analyzed separately, using SNP dosages, in an additive genetic model.
For the repeated measures, we used generalized estimating equations (GEE) to account for within-individual correlations between repeated CES-D measures [52] . Within the 'geepack' package in the R software, we used an exchangeable (compound symmetric) correlation structure because empirical correlations for CES-D measures for exam 1, 3, and 4 were similar and we saw no significant trend in CES-D over time for any ethnicity except for the EA sub-sample [53, 54] .
Comparison of p-values across phenotype approach
To examine whether p-values from GWAS in MESA were consistent in rank across the three analysis approaches (baseline, averaged across exams, repeated measures), we calculated Spearman's correlations between the ranks of pvalues for SNP-phenotype associations within ethnic group.
Meta-analysis
To increase statistical power to detect SNP association, we performed a fixed-effects meta-analysis combining results across all four ethnicities within the MESA study for each of the three phenotype definitions (baseline, averaged, repeated measures), weighting by sample size. In order to further investigate consistency of associations across different studies we also conducted a metaanalysis for EA and AA (separately) across the MESA and HRS studies for the repeated measures phenotype. We use only the AA and EA samples due to the availability of a large enough sample size for these two ethnicities in HRS. Finally, we performed a meta-analysis across all ethnicities and all studies to further elucidate any genetic variants across ethnicity. For the analysis that includes both MESA and HRS, the repeated measures phenotype was selected to allow for maximum power. All metaanalyses were performed using METAL [43] .
